Abstract-Due to the global warming and climate change, it is very important to effectively improve the efficiency of the electricity energy consumption. Monitoring the power consumption of residences and buildings is one of the approaches that can improve the efficiency of the electricity energy consumption. In this paper, a Non-Intrusive Appliance Load Monitoring (NIALM) system, which applies a neuro-fuzzy pattern recognizer (NFPR) with Linguistic Hedges (LHs) to recognize the operation status of individual appliances, is proposed. A two-stage fuzzy pattern recognition process is presented in this paper. First, Fuzzy C-Means (FCM) clustering is employed to coarsely estimate the parameters used in NFPR. Following this stage, the Scaled Conjugate Gradient (SCG) training algorithm is applied to adaptively fine tune the parameters. In the proposed NIALM system, either load energizing or load de-energizing transient features are extracted from an acquired transient current waveform. NFPR performs load recognition based on these transient features.
INTRODUCTION
Recently, due to the global warming and climate change, the consumption of energy effectively has become an important issue. One of the approaches that can mitigate the impact on the global warming and climate change is to improve the efficiency of electricity energy usage by monitoring the residential and commercial electrical consumptions. If individual appliances, which are responsible for demand response schemes, are operated and managed more efficiently, the electricity energy can be used and conserved in a more effective way such that the production of greenhouse gases, such as CO 2 , CFCs, and so on, can be restrained. On the other hand, the fossil fuel is running out quickly, while the energy demand in residences is steadily increasing. Hence, it is necessary to introduce renewable energy facilities in residences to meet the power demand. Renewable power generation systems, e.g., photovoltaic power generation, wind power generation systems, and renewable batteries, have an advantage that energy is clean in nature. However, these resources have the demerit in that the energy output is fluctuated by weather, as compared to fossil fuel and nuclear power generations. To provide more reliable power supply, renewable power generation systems are interconnected with the electrical network that is modeled and controlled by smart-grid techniques including smart meter, micro-grid, and power distribution system automation. From the viewpoint of leverage resources, utilities come up with demand response schemes such that the residents can promote the load leveling by reacting to appliances and renewable energy facilities. Traditionally, in order to respond to demand response schemes, installation of smart meters for appliances is needed. However, this type of load monitoring system has several drawbacks. For instance, installation of many meters that results in a high investment is needed for monitoring. Therefore, to remedy the disadvantages of the traditional load monitoring system, several Non-Intrusive Appliance Load Monitoring (NIALM) systems, which are part of smart-grid techniques, have been proposed [1] [2] [3] [4] [5] [6] [7] [8] [9] [10] [11] [12] [13] [14] . For NIAML, only a set of voltage and current sensors, which are installed at the power service entry in the field, are needed. By analyzing the current and voltage signals, the NIALM system is capable of identifying the operation status as well as the power consumptions of individual appliances. This paper proposes an NIALM system that integrates the transient feature extraction technique with Neuro-Fuzzy Pattern Recognition (NFPR) with Linguistic Hedges (LHs). A twostage neuro-fuzzy recognizer is developed. During the first stage, the Fuzzy C-Means (FCM) clustering is used to coarsely allocate the parameters of NFPR's fuzzy If-Then rules. In this stage, FCM constructs fuzzy rules from a training dataset; this process can be seen as embedding heuristic knowledge into the fuzzy recognizer. Following this stage, the Scaled Conjugate Gradient (SCG) learning algorithm is adopted to fine tune the parameters of NFPR such that the recognition can be matched. Either the load energizing or load de-energizing transient features are extracted from the current waveform through the analysis of NIALM. The experimental results confirm that the proposed NIALM system is able to distinguish the operation status of individual appliances that are energized or deenergized. The rest of this paper is organized as follows: surveying the existing NIALM approaches is discussed in Sec. II; the proposed NIALM system is explained in Sec. III; the experimentation is shown in Sec. IV; finally, conclusions are given in Sec. V.
II. SURVEY OF THE NON-INTRUSIVE APPLIANCES LOAD MONITORING SYSTEMS
Several NIALM systems have been developed based on signal processing of either steady-state or transient analysis in the past. [1] [2] [3] [4] [5] [6] [7] [8] [9] [10] [11] [12] [13] [14] An NIALM system based on steady-state approach was proposed by the Electric Power Research Institute (EPRI). [1] This approach applied a five-stage identification algorithm to identify the operation status of appliances using the variations of active and reactive power of appliances. Although the system with acceptable performance had been realized to some fields, several drawbacks were pointed out. [2] [3] [4] For example, the system is not able to differentiate the appliances with similar active and reactive power consumption. In papers [5, 6] , the authors indicated that non-linear appliances not only consume power, they also inject harmonics into power lines. Hence, the harmonics can be used as signatures for load identification. Nine time-domain steadystate features were mentioned in [7] . Combinations of these features were sequentially fed to a 1-Nearest-Neighbor Rule recognizer in order to find the best feature combination. This process results in the highest recognition performance. Several studies had shown that transient profiles of different types of appliances are unique to each other due to the different internal equivalent characteristics for different appliances [2, 3, 8, 9] . As a result, the transient response can be captured for load identification as well. In [10] , a load identification scheme that introduced the notion of maximum approaching degree based on Fuzzy Logic theory was proposed. Since this scheme does not involve any training process, it is simple in implementation. In articles [4, 11, 12] , several steady-state features, such as active power, reactive power, and total harmonic distortion, with the turn-on transient energy are extracted from electrical signals as the features used by Artificial Neural Networks for load identification. These articles also introduce the Coefficients of Variations to validate the repeatability of turnon transient energy of individual appliances. In [13, 14] , a nonintrusive load-shed architecture is proposed. The learning phase of the architecture is responsible for identifying appliances that consume relatively large power in a residence. During the learning stage, the installed smart meter collects data for several days. The data are parsed to produce edge events. The learning algorithm is employed in order to cluster the events based on similar power consumptions. The data are presented to a module that performs genetic algorithm and dynamic programming technique to identify a set of possible finite state machines (FSM). The optimized FSMs are summarized as a static table. The table is deployed to the meter located at the consumer's residence to be used in the monitoring stage. During load monitoring stage, the meter takes the power reading and conducts real-time edge event detection. Upon detecting an event, the meter uses a simple matching algorithm, such as 0-1 knapsack algorithm and incremental analysis, with the static table to identify the operation status of appliances.
III. PROPOSED NON-INTRUSIVE APPLIANCE LOAD MONITORING SYSTEM
In this paper, the proposed NIALM system that combines transient load current feature extraction methods with neruofuzzy pattern recognition technique is used to identify the operation status of individual appliances. Figure 1 shows the flow chart of the proposed system. Explanation of each function block is described as follows.
A. Waveform Acquisition and Filtering
The aim of waveform acquiring and filtering is to acquire load current waveforms and to filter the high-frequency noise by a low-pass filter with the cut-off frequency of 500 Hz.
B. Event Detection and transient Feature Extraction
Either the load energizing or load de-energizing event of an appliance needs to be detected in NIALM. The feature extraction process is triggered after an event is detected. Following details deal with the event detection and feature extraction.
1) Energizing event detection & Feature extraction:
When the variation of current intensity, which is calculated using (1) , is greater than a pre-specified positive threshold, α, a load energizing event is detected. In (1), k indicates the k-th power cycle. In (2), i(j) represents the j-th current sampling point; N is the total number of sampling points per power cycle; mean(i) denotes the average current value of each cycle. Power cycle is 60Hz in this study.
After a load energizing event is detected, determination of the transient period starts. Because the transient period will continue for some time when an appliance is energized, a differential procedure based on the fundamental property of superposition is performed. Following the differential procedure, the change rate, ΔI', of the current intensity, I', is calculated using (3) . During the determination of transient period, ΔI' is compared with a pre-specified threshold, γ. If ΔI' is less than γ for pre-specified number of cycles, δ, then the determination of transient period terminates. Finally, the transient period, E t , is defined as the total transient period minus δ cycle time. The NIALM system monitors appliances at different real experimental environments with small disturbances. Appliances might be operated under or above rated power level as well. Thus, the values calculated from (3) may change. Minor changes below γ are considered as background noises.
represents a differential current waveform obtained from the differential procedure. Figure 2 illustrates some load current waveforms for different single-load and multiple-load operation scenarios. The acquired transient current waveform, i aq (t), of an unidentified one, which is energized, is shown on the right-hand side of the figure. In multiple-load operation scenarios as shown in Fig. 2(b) , all appliances except the un-identified one were energized in advance. Feature extraction is crucial for load identification. It transforms from observation space into feature space. Generally, the feature space is in much lower dimension than the observation space. In this study, Crest Factor (C.F.) calculated using (4) 
2) De-energizing event detection & Feature extraction:
When the variation of current intensity calculated from (1) is less than a pre-specified negative threshold, β, a load deenergizing event is detected. Following the detection of the event, the current waveforms for one cycle before and after the event are subtracted. By doing so, the load de-energizing transient current waveform of an un-identified one can be acquired. For the de-energizing event, the transient period, Et, is defined as one cycle. Figure 3 shows several load current waveforms for different single-load and multiple-load operation scenarios.
Transient features, C.F. and I peak , extracted from an acquired de-energizing transient current waveform are calculated using (4) and (5) respectively for load de-energizing identification.
C. Neuro-Fuzzy Pattern Recognition with FCM clustering
In this paper, NFPR [15] [16] [17] with FCM [18, 19] is used. FCM is used to coarsely estimate the parameters of fuzzy IfThen rules. This stage can be seen as embedding heuristic knowledge in NFPR. In the second stage, the SCG training algorithm is adopted to adaptively train the parameters of the fuzzy rules. SCG is used in this paper because its training performance is better than the Back-Propagation algorithm [20] . The SCG training algorithm is a variation of the Conjugate Gradient method. This algorithm is able to avoid the line-direction search per learning epoch by employing the Levenberg-Marquardt approach to scale the step size. The NFPR's structure with the LHs is shown in Figure 4 . An additional layer with LHs is defined by NFPR that is different from traditional fuzzy-based pattern recognizers. Most of fuzzy-based recognizers cannot adaptively tune the LHs of fuzzy rule sets and other parameters simultaneously. As a result, they are not able to obtain good performance for pattern recognition. In this study, NFPR with LHs is proposed. The LHs are defined to indicate the importance of fuzzy sets of fuzzy rules. If the LH's value of any fuzzy set of any feature variable for any class is equal to one, the feature is important for that class; otherwise, it is not. As seen in Figure 4 , the feature space with two inputs {Feature 1 , Feature 2 } is partitioned into three classes {Class 1 , Class 2 , Class 3 }. In this paper, NFPR is based on the zero-order Sugeno fuzzy model. Also, the crisp outputs of fuzzy rules are determined by weighted average operator.
As shown in Figure 5 , the Gaussian-type membership function is chosen for the fuzzy sets in Membership Layer for following reasons. Firstly, the fewer parameters need to be tuned since each Gaussian membership function requires only two parameters. Secondly, the Gaussiantype membership function ensures that the firing strength of each rule is always non-zero. Finally, the Gaussian-type membership function is analytical. In Figure 5 , fuzzy sets are powered by their own LH in Power Layer. This layer is added to show the effect of LHs. In the Fuzzification Layer, the firing strength of every rule is calculated. Weighted outputs are calculated in Defuzzification Layer. The Weighted outputs are normalized in Normalization Layer if the summation of weights is greater than 1. Finally, the decision is made in the last layer by rounding the computation result from the previous layer.
When NFPR is presented as a network form, its parameters can be trained in a derivation manner. In this paper, NFPR's parameters including LHs are adaptively trained by SCG training algorithm. SCG, which determines the second-order derivatives of parameters from their first-order derivatives, is a second-order supervised and derivative-based training method. The calculation is reduced by the number of operations in each generation.
By tuning all of the parameters using SCG, NFPR can improve its recognition accuracy since the flexibility of fuzzy sets is improved. Figure 5 . Dfferent reasoning of multiple-input-single-output NFPR with or without LHs. [15] IV. EXPERIMENTATION
In order to verify the effectiveness of the proposed twostage NFPR strategy, the proposed NIALM system identifies the operation status of individual appliances at different real experimental environments with small disturbances. The appliances include a Fan, a Fluorescent Light (F.L.) and a Radio. During load identification, no appliances were energized or de-energized simultaneously. Experimental 1 shows the results of the appliance energizing identification; Experimental 2 shows the results of the appliance deenergizing identification. In this paper, a control circuit shown in Figure 6 was designed to control an un-identified appliance that is energized at different voltage phase angles. Figure 2 , 3 and 7 also confirm that each type of appliances has the unique and repeatable profile. The repeatability features of appliances can be seen in Figures 8 and 13 . In these figures, each instance is obtained whenever the un-identified one is energized at a voltage phase angle.
For all the experiments, 108 single-load current measurements are performed. 69 of the measurements are used for training; while the remaining 39 measurements are used for verification.
Additionally, 41 multiple-load current measurements are used for verification as well.
A. Experimental 1: Load Energizing Classification
In this experiment, the values of the feature parameters, (α, γ, δ), are (0.03, 0.065, 10.0) respectively. These values are determined based on the past experience. The fuzziness constant in FCM is 2; the number of centers found by FCM is 3 since this problem is a three-class problem. The feature space is illustrated in Figure 8 . In SCG, the maximum training epoch is 100. The performance index used in SCG is the error function of Root Mean Square. Figure 9 shows the convergence curve for training NFPR with 3 fuzzy rules. Figure 10 demonstrates the rule viewer of NFPR with 3 fuzzy rules. Table I summarizes the inference methods adopted by NFPR in this experiment. The identification results of NFPR with LHs are listed in Table II . Figure 12 . Demonstration of NFPR with 9 fuzzy rules (the number of clusters of each class is 3) in the fuzzy viewer for the same recognition problems.
As shown in Table II , Fluorescent Light has the lowest recognition rate of 87.1%; Radio has the recognition rate of 85.7%; and Fan has the recognition rate of 100%. The Overall Recognition Rate is 91.25%. This accuracy can be improved either by constructing more rules between Classes 2 and 3 (i.e., the number of clusters of each class is greater than 1) or by extracting additional features in addition to CF from the electrical signal. Additional features might be needed because the feature used in this experiment is ambiguous. In order to improve the recognition performance, the NFPR with 9 fuzzy rules is built to solve the same recognition problem in this experiment, as shown in Figures 11 and 12 . In this case, the Overall Recognition Rate is 96.25%; a total of 3 instances are mis-recognized. However, increasing the number of rules introduces a new problem since the accuracy of NFPR degrades when the number of NFPR's fuzzy rules increases. This is due to the fact that there are too many trainable parameters for the given amount of data.
B. Experimental 2: Load De-energizing Classification
In this experiment, based on the past experience, β is set to be 0.016. The feature space is illustrated in Figure 13 . Analysis of the data shows that the features, CF and I peak , are good features for load identification. NFPR with 3 fuzzy rules is built in this experiment. The inference methods are the same as those used in Experimental 1. In SCG, the maximum training epoch is 100. Table III shows the identification results of NFPR with LHs. In this experiment, the Overall Recognition Rate is 100%. 
V. CONCLUSIONS
The NIALM system that effectively monitors individual appliances plays an important role in improving the efficiency of electricity energy consumption. In this paper, an NIALM system that integrates transient load current feature extraction methods with Neuro-Fuzzy Pattern Recognition technique is proposed. A two-stage system is proposed. This system is capable of identifying the operation status of individual appliances under different single-load and multiple-load operation scenarios at different real environments with small disturbances.
